Abstract. This study was performed to classify the acoustic emission (AE) signal due to surface check and water movement of the flat-sawn boards of oak (Quercus Variablilis) during drying using the principle component analysis (PCA) and artificial neural network (ANN). To reduce the multicollinearity among AE parameters such as peak amplitude, ring-down count, event duration, ring-down count divided by event duration, energy, rise time, and peak amplitude divided by rise time and to extract the significant AE parameters, correlation analysis was performed. Over 96 % of the variance of AE parameters could be accounted for by the first and second principal components. An ANN was successfully used to classify the AE signals into two patterns. The ANN classifier based on PCA appeared to be a promising tool to classify the AE signals from wood drying.
Introduction
Acoustic emission (AE) is widely used to nondestructively monitor structural integrity and characterize the behavior of materials when they undergo deformation, fracture, or both. The AE technique has been used to minimize defects during wood drying. During wood drying differential shrinkage between the rapidly dried surface of a board and the saturated internal regions causes surface tensile stresses and balancing internal compressive stresses. These stresses generate the AEs. Researchers have been investigated the characteristics of acoustic emissions for using them as parameters in a reactive control system for the wood drying process [1] [2] [3] [4] [5] [6] . Breese et al. [7] reported that AE and steaming treatments could decrease checking during klin drying without prolonged klin residence time.
It was revealed that AEs are dependent on wood density, fiber length, moisture content and temperature concerning their frequency, amplitude and energy [8, 9] . During wood drying AE activity increases once the surface instantaneous strain attained the proportional limit [8] , and cumulative AE energy increases rapidly soon after the first small checks could be observed [5] . Considerable AE activity was monitored in both soaked and dried wood in the radial plane due to the weak bonds between the cells of wood rays and axial tracheids [10, 11] .
It is important to identify the sources of acoustic emissions to control the wood drying process. Booker [12] proposed that AEs were due to slips in the crystalline portion of cellulose, and that checking occurred when the rate of such slips exceeded a critical value. The studies of AE in mechanically stressed wood have proved that the sources of AEs are the slip lines (slow AE), brittle micro cracks in the cell walls, and the processes of delamination (rapid AE) [13, 14] .
With previous experience it could be assumed that the major AE sources are the surface tensile stress related to moisture movement below the proportional limit, the process of cracking and the thermal stress related to the abrupt change of wood temperature.
The purpose of this study is to classify the AE signals generated during wood drying by their sources. In this study, principal component analysis (PCA) and artificial neural network (ANN) were performed to classify AE signals associated during wood drying.
Materials and Methods
Materials and Equipment. Flat-sawn boards of oak (Quercus variabilis) were selected for this study because it is susceptible to surface checking at the early stage of drying. Air-dried clear small boards were water-soaked in a vacuum chamber to the moisture contents (MC) of 60 to 70%. To make oven-dried specimens an oven drying method at 103±2 was used. The schematic diagram of the AE monitoring system is shown in Fig. 1 . It consists of four AE signal processors (ANSY4, Vallen System), a digital oscilloscope (PM3384B, FLUKE), four 20dB pre-amplifiers (Vallen System) and four 100-900kHz wide band AE sensors (SE900, DECI). Four AE sensors were placed on the tangential surface of wood specimen. A pre-amplifier gain of 34dB and a fixed threshold of 50.1dB were used. As AE parameters (see Table 1 ), PA (peak amplitude), RC (ring-down count), ED (event duration), FR (frequency), EN (energy), RT (rise time) and AR (peak amplitude/rise time) were obtained from commercial AE equipment. Experiments. Two stages of drying experiment for wood specimen were performed at room temperature. First experiment was to obtain the AE signals caused by the water movement of wood specimen during drying a water-soaked specimen and second experiment was to obtain the AE signals caused by surface check on the specimen. At first experiment, AEs were monitored and recorded for 21.8hours, until then the surface check due to the surface tensile stress was not observed. At second experiment, from after 21.8hours, cracks appeared on the surface of the specimen and the AE signals caused by surface check were collected for a short period of time.
In this study, 1000AE data due to water movement and 1000AE data due to surface check were obtained. All AE data was divided into two groups, a training set and test set. A training set consisted of 500AE data due to water movement and 500AE data due to surface check. The training set of the AE data was used to train the classifier and the trained classifier was evaluated with the test set, exclusively.
Principal Component Analysis (PCA) and Artificial Neural Network (ANN)
In general, a performance of classifier could be affected by input variables that have inter-correlation characteristics (linear dependencies), since a linear dependency between variables is explained by the correlation matrix. In order to eliminate this linear dependency between independent variable, a principal component analysis is usually used. PCA is a mathematical procedure for resolving sets of AE parameters into orthogonal components whose linear combinations approximate the original data. And also PCA is expected to reduce the effects of multicollinearity between each feature in the process of AE signal classification. Since all principal components are orthogonal each other, we can get new data set from PCA.
Two kinds of classifier were considered in employing an artificial neural network. In the first case, conventional AE parameters were used as input variables. In the second case, all principal components obtained from the result of PCA for the above features were used as input variable. In order to construct the neural network classifier, an error back propagation (BP) algorithm was employed in all cases.
Results and Discussions
Characteristics of AE signals. The graph of cumulative AE hits vs. time of the two experiments for collecting the AEs caused by surface check and water movement are plotted in Fig. 2 . There is no acoustic emission until 5hours, and after then the number of AE hits steeply increases until 12hours. The cumulative AE hits level off at 15hours. The moisture content of the specimen was not measured, but it could be estimated as around 50%. After 22hours when surface checks appeared on the surface of the board the number of the cumulative AE hits increased exponentially.
Typical patterns of the AE waveforms caused by surface check and water movement are plotted in Fig. 3 . The AE signal caused by water movement shows lower in peak amplitude, longer in rise time and lower in peak frequency than AE signal caused by surface check. Table 2 . The PA parameter shows strong correlation with RT and EN and the correlation coefficient is more than 0.7. Hence the PA parameter was excluded to eliminate the multicollinearity among AE parameters. Finally the six AE parameters (RC, FR, EN, ED, RT and AR) were used as the input variables of the classifier. Analysis of the AE signals by PCA . Principal component analysis was carried out for training data set with 6AE parameter. The eigen values of principal components (PCs) and their percentage proportions of corresponding variation for training data set are listed in Table 3 . The variation of AE data could be acounted for over than 96% with only first two PCs. Fig. 4 shows the feature-feature plot for PC1 vs. PC2 principal component. And also Fig. 4 represents a certain criteriorn to classify the AE signals based on the value of PC1. When the value of PC1 is larger than 1.0, the numbers of AE signal caused by water movement are more than AE signals caused by surface check. Classification of AE signals by ANN. Two ANN classifiers in this study consisted of one input layer, one hidden layer, and one output layer as shown in Fig. 5 . First ANN classifer has six input nodes for six AE parameter. Second ANN classifier has two input nodes for two PCs. All ANN classifiers have two output nodes: one is for surface check pattern (CHECK) and the other is for water movement pattern (WATER). As the number of hidden layer, the eight nodes were chosen optimally by preprocessing of ANN classifier. The tangent sigmoid functions were used to activate the neurons between layers. The performance of the two ANN clasifiers were compared by evaluatingg the recongition rate (RR).
The ANN classifier having individual AE parameters as input variables was developed with known data set and evaluated with unknown data set as shown in Table 4 . Each number represents the rresult of learning, while the numbers in parentheses represent the results of validation. The total Key Engineering Materials Vols. 297-300recognition rate of ANN classifier was 89.2percent for the known training data set, while 83percent for the unknown validating data set.
In order to enhance the recognition rate, the first two principal components of AE parameters were introduced into the input layer of ANN classifier. Table 5 shows the results of second ANN classifier using first two principal components of input variables. The learning conditions of second ANN classifier were the same as the first ANN classifier. Comparing with the result of the first ANN classifier with AE paramete inputs, the performance of second ANN classifier was enhanced. That is, the recongition rate of second ANN classifier increased to 92.7percent for the known training data set, while 87.4percent for the unknown validating data set.
Based on the results, the PCA and ANN technique for signal classification might be a promissing tool to analyze the AE signals obtained during wood drying. 
Conclusions
Principal component analysis and artificial neural network methods were used to classify the AE signals obtained from wood drying into two patters: surface check and water movement. The characteristics of AE signls were analyzed. By performing correlation analysis to analsyze the liner dependecies among AE parameters, peak amplitude parameters was excluded from the input variables of classifier. Over 96percent of the variance of AE parametes could be accounted for by only first two principal components. Artificial neural network analysis was successfully used to identify the AE
